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Abstract: Urban traffic congestion leads to frequent vehicle start-stop events and low-speed
operation, which is one of the primary drivers of carbon emission growth. To address the
problems of multi-objective conflict, training instability, and inadequate carbon emission
modeling in existing traffic signal control methods for carbon emission optimization, this paper
proposes a deep reinforcement learning signal control algorithm for carbon emission
optimization. This method constructs a carbon-emission-aware dynamic reward mechanism
and achieves collaborative optimization of traffic efficiency and emission reduction objectives
through adaptive weight adjustment; Lagrange multiplier method is introduced to embed the
carbon emission threshold as an explicit constraint into the strategy learning process to ensure
that the emission level is controlled within an acceptable range; For multi-intersection scenarios,
a distributed collaborative control framework based on parameter sharing and neighborhood
information interaction is designed to enhance the model's ability to perceive the spatial
propagation characteristics of traffic flow. Based on the SUMO simulation platform,
experimental validation is conducted in three scenarios: a single intersection, a 4 X 4 grid
network, and a real-world urban road network. The results show that compared with PPO
algorithm, the average carbon emissions of this method are reduced by 11.3% to 12.8%, average
delay is reduced by 15.7%, average speed is increased by 9.6%, and the comprehensive
performance index is improved by 12.2%; During the training process, the fluctuation of
strategy is reduced by about 50%, and the degradation rate of generalization performance is
reduced by 34.2% compared with the comparison method. This study provides an effective
intelligent solution for low-carbon-oriented urban traffic signal control.
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1. INTRODUCTION

As urbanization accelerates, the number of motor vehicles continues to increase, and traffic
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congestion has become one of the core issues restricting sustainable urban development. Traffic
congestion not only leads to a decline in traffic efficiency but also causes a significant increase
in carbon emissions due to frequent vehicle start-stop events and low-speed operation [1],[2].
Research shows that carbon emissions from the urban transport sector account for nearly a
quarter of global total emissions, and their growth rate is far higher than that of other sectors.
This phenomenon reveals the profound coupling between traffic congestion and carbon
emissions: congestion exacerbates emissions, while the accumulation of emissions places
pressure on the ecological environment, forming a mutually reinforcing negative feedback loop
[3]. Therefore, how to effectively reduce carbon emissions while improving traffic operational
efficiency has become a key scientific problem in the field of traffic management and control.

Traditional traffic signal control methods, such as fixed-time control and actuated control,
are mostly based on historical statistics or simple rule-based logic, which struggle to cope with
the high dynamics and uncertainty of traffic flow. In recent years, deep reinforcement learning
has shown significant potential in traffic signal control due to its strong perception and decision-
making capabilities. Through continuous interaction between the agent and the environment,
such methods can adaptively learn optimal control strategies and effectively improve
intersection traffic efficiency [4],[5],[6]. However, most existing studies take minimizing delay
or queue length as the optimization objective, ignoring the direct impact of signal control
strategies on vehicle operating status and carbon emissions. Although some efforts have begun
to take emissions into account, they mostly remain at the level of post-hoc evaluation, lacking
an effective mechanism to embed the carbon emission indicator system into the reinforcement
learning training process.

At present, deep reinforcement learning faces multiple challenges in traffic carbon
emission optimization. First, the instantaneous and cumulative requirements of carbon emission
models must accurately describe the relationship between vehicle dynamics and emissions,
which imposes higher requirements on state representation and reward design. Second, the
reinforcement learning training process itself suffers from slow convergence and large
fluctuations. In multi-objective conflict scenarios, how to balance the trade-off between
emissions and efficiency and improve training stability becomes the key to the practical
application of the algorithm. In addition, most existing methods use fixed weights in handling
carbon emission constraints, which makes it difficult to adapt to changes in traffic conditions
and can easily lead to policy deviation or performance degradation.

To address the above problems, this paper proposes a deep reinforcement learning signal
control algorithm for traffic carbon emission optimization, aiming to achieve collaborative
optimization of emissions and efficiency. The main contributions of this paper include: first, a
multi-objective carbon-emission-aware reward mechanism is constructed, which is combined
with a dynamic weight adjustment strategy, enabling the model to adaptively shift its
optimization focus according to traffic conditions and effectively alleviate multi-objective
conflicts; Second, a deep reinforcement learning framework integrating constrained
optimization is designed, and the carbon emission threshold is explicitly incorporated into the
policy learning process using the Lagrange multiplier method to ensure that emission levels are
always kept within an acceptable range; Third, a distributed collaborative control mechanism
for multi-intersection scenarios is proposed. Through parameter sharing and neighborhood
information interaction, the model’s ability to perceive the spatial propagation characteristics
of traffic flow is enhanced, and the collaborative control effectiveness of the overall road
network is improved. Through the above innovations, this paper provides a systematic solution
for realizing low-carbon-oriented intelligent traffic control.

2. RELATED WORK

Traffic signal control methods have evolved from traditional control to intelligent control.
Early fixed-time control presets signal timing schemes based on historical traffic flow data.
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Although it is simple to implement, it cannot cope with the dynamic changes in traffic flow.
Actuated control obtains lane occupancy in real time via deployed detectors and triggers phase
switching according to a preset threshold, which improves adaptability to a certain extent, but
its rules remain essentially reactive, lacking the ability to predict overall traffic conditions. With
the improvement of computing power, methods based on model predictive control have been
applied to traffic signal optimization |[7],[8]. Signal timing is dynamically adjusted through
rolling optimization, demonstrating good control performance. However, the performance of
these methods is highly dependent on the accuracy of traffic prediction models, and they face
the problem of high computational complexity in large-scale road networks [9],[10]. In general,
traditional control methods have obvious limitations in dealing with high-dimensional dynamic
traffic environments, and it is difficult to achieve refined multi-objective collaborative
optimization.

The rise of deep reinforcement learning has opened a new research paradigm for traffic
signal control. In this approach, the signal control problem is modeled as a Markov decision
process, and the optimal control strategy is automatically learned through interaction between
the agent and the simulation environment [11],[12]. In single-intersection scenarios, deep Q-
networks and their variants are widely used for phase selection, demonstrating the effectiveness
of deep reinforcement learning in reducing vehicle delay and queue length [13]. As research
deepens, policy gradient methods such as proximal policy optimization have gradually become
the mainstream choice due to their superior continuous control capability and training stability.
In multi-intersection collaborative control, researchers attempt to use the multi-agent
reinforcement learning framework to alleviate environmental non-stationarity through
centralized training with decentralized execution. In some works, graph neural networks are
introduced to model the topology of the road network, which improves the agent's ability to

perceive neighboring traffic states [14]. However, most existing studies take traffic efficiency
as the core optimization objective and treat emissions as a secondary indicator for post-hoc
analysis, lacking deep integration with the mechanisms of carbon emission generation.

Research on traffic carbon emission estimation models provides fundamental support for
incorporating emission targets into control optimization. Macro-level emission models estimate
total emissions based on average speed or mileage, which are simple to compute but fail to
reflect the impact of microscopic driving behavior on emissions [15]. Micro-level emission
models can effectively capture the contribution of acceleration and deceleration processes to
emissions by finely modeling instantaneous emissions based on vehicle speed, acceleration,
and other operating parameters. At the meso level, methods based on vehicle-specific power
correlate engine load with emissions, balancing accuracy and computational efficiency to a
certain extent [16]. At present, most of these emission models are used to assess the
environmental impact of different traffic management measures, while attempts to directly
serve as optimization objectives in signal control strategy generation remain relatively limited.
How to organically integrate the emission model with the reinforcement learning training
framework so that it can guide policy updates in real time is a key challenge that current
research must address.

In the field of multi-objective and constrained reinforcement learning, existing research
provides methodological references for handling the trade-off between carbon emissions and
traffic efficiency. Multi-objective reinforcement learning seeks to find a balance between
multiple objectives by constructing Pareto frontiers or designing compound reward functions
[17],118],[19]. The traditional approach is to convert the multi-objective problem into a single-
objective problem via linear weighting, but the weight setting often depends on experience,
making it difficult to maintain optimality when traffic conditions change [20],[21]. For
constrained optimization problems, the Lagrange multiplier method is widely used in
constrained reinforcement learning. By transforming constraints into penalty terms and
dynamically adjusting the penalty coefficient, the policy can maximize cumulative rewards
while satisfying the constraints. In recent years, scholars have begun to focus on the field of
safe reinforcement learning, treating environmental constraints such as emissions as safety
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boundaries and ensuring that the system operates within an acceptable range through the
constrained policy space [22],[23]. These methods have laid a theoretical foundation for the
development of low-carbon-oriented signal control algorithms, but how to effectively combine
them with the spatiotemporal dynamic characteristics of carbon emissions in traffic scenarios
still requires further exploration.

Based on the above research progress, there remain obvious deficiencies in the application
of deep reinforcement learning to traffic signal control. First, existing methods generally regard
carbon emissions as a secondary indicator and lack a mechanism to embed the emission
constraint system into the policy learning process, making it difficult to achieve low-carbon
objectives in the optimization results. Second, in dealing with multi-objective conflicts, the
traditional fixed-weight method struggles to adapt to dynamic changes in traffic conditions,
which can easily cause policy deviation or performance degradation. Third, in multi-
intersection collaborative control, existing models do not adequately describe the spatial
propagation characteristics of traffic flow, which limits the emission reduction effectiveness of
the overall road network. Fourth, there are problems in the algorithm training process, such as
large deviations in value estimation and drastic fluctuations in policy, which affect the reliability
of actual deployment. To address the above shortcomings, this paper proposes a deep
reinforcement learning signal control algorithm for carbon emission optimization, which aims
to achieve collaborative optimization of traffic efficiency and carbon emissions by constructing
a carbon-emission-aware dynamic reward mechanism, introducing a constrained optimization
framework, and designing a multi-intersection collaborative control mechanism.

3. METHODOLOGY

3.1 System Architecture

This paper constructs a deep reinforcement learning-based signal control framework for
traffic carbon emission optimization. Its overall architecture consists of three parts: a traffic
simulation environment, a reinforcement learning agent, and a carbon emission estimation
module. The traffic environment depicts vehicle behavior through a microscopic simulation
platform and outputs real-time status, including vehicle flow dynamics, speed changes, and
queue information; The reinforcement learning agent generates signal control strategies based
on the current state; The emission estimation module calculates instantaneous carbon emissions
based on the vehicle operating state and provides feedback to the learning process to guide
policy updates.

At time step t, the system state is denoted as s;, and the agent generates action a;
according to the policy mg(a; | s;), where 6 represents the policy network parameters. After
the action is applied to the traffic environment, the environmental state transitions to s;,4, and
the emission estimation module calculates the carbon emission E;. The system reward r; is
composed of emissions and traffic efficiency, and is used to update the policy parameters. This
process forms a standard Markov decision process (MDP) closed loop [24]:

ae

St = Sey1, 1t = f(Ee, Dp) (1D

Where D, is the traffic delay metric. Through continuous interaction, the system
gradually learns the optimal signal control strategy to realize the collaborative optimization of
carbon emissions and traffic efficiency.

3.2 State & Action Representation

To fully describe the complex traffic environment, this paper designs a multi-dimensional
traffic state representation vector. For intersection i, its state at time step t is defined as:
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st ={ql,vi, pf, wi} (2)

Where q} is the queue length per lane, v} is the average speed vehicle, p} is the traffic

density, and w} is the cumulative waiting time. These characteristics can describe the traffic
operation state from different angles.

Considering the spatial correlation between intersections, neighborhood state information
is introduced to construct a multi-scale state representation [25]. For intersection i, its extended
status is:

§t=sl® Z a;; s/ (3)
JEN (@)
Where NV (i) is the set of neighboring intersections, «a;; is the adjacency weight, and &

is the feature concatenation. The design enhances the model's perception of traffic propagation
effects.

The action space is defined as the decision variables of the signal control strategy. This
paper adopts a joint modeling approach combining discrete phase control with continuous
timing:

ar = (pe, Tt) (4)
Where p; represents the selected signal phase and 7, represents the phase duration. This
design considers both control flexibility and implementation feasibility.
3.3 Carbon aware Reward Design

To effectively embed the carbon emission objective into the reinforcement learning process,
this paper constructs an emission estimation model based on vehicle operating states. The
carbon emission of an individual vehicle at time step ¢t can be expressed as [26]:

e = AV + apa; + azvf (5)

Where v, is the vehicle speed, a; is the acceleration, and a4, a,, a3 are model
parameters. The total emission at the intersection is the sum of all vehicle emissions:

E, = Z ek (6)

Where N, is the number of vehicles at the current time step.
On this basis, a multi-objective reward function is constructed:
e = —AgEy — ApDy (7)

Where A and Ap are the weight coefficients for carbon emissions and delay
respectively, and D, is the average delay. To alleviate multi-objective conflicts, a dynamic
weight adjustment mechanism is introduced:

/1?—1 = AItE + n(Et - Etarget) (8)

Where 7 is the adjustment step size and Eigrger 1s the target emission level. This

mechanism enables the model to adaptively adjust the optimization focus under different traffic
conditions, so as to improve the learning stability and strategy effectiveness.

3.4 Deep reinforcement learning algorithm design
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This paper uses a deep reinforcement learning method based on the actor-critic framework
to optimize the policy. The output action distribution mg(a | s) of the policy network (actor)
and the estimated state value function Vi (s) of the value network (critic), where 6 and ¢
are the network parameters respectively.

To reduce value estimation bias, a dual value network structure is introduced:
V(s) = min{V¢1(s), Vs, (s)} 9)

This mechanism can effectively alleviate the over estimation problem and improve the
stability of training.

For experience utilization, a prioritized experience replay mechanism is introduced.
Sample priority is defined by the TD error [27]:

6 =l +yV(sir) =V (sp) | (10)
Sampling probability is:
6

a
i

: :.5].0(
J

Where, a controls the priority. This method improves the utilization efficiency of key
samples.

PQ) =

(11)

In addition, an adaptive exploration strategy is introduced, and the entropy regularization
term of the policy is dynamically adjusted:

Lentropy = —fE[logmg(als)] (12)
Where, B, gradually decreases during training, to achieve the balance between
exploration and exploitation.
3.5 Constrained Optimization

To further control carbon emission levels, the problem is formulated as a constrained
reinforcement learning problem, with the objective:

max [E | stE[E] < C (13)
#e2

Where C is the emission constraint threshold.

The Lagrange multiplier method is used to transform the constrained problem into an
unconstrained optimization [28],[29]:

£(6,2) = E [ rt] — AE[E,] - ©) (14)
2

Where 4 is the Lagrange multiplier, which is updated as follows:
A=A+ (E - O (15)
This method ensures that emission constraints are satisfied while optimizing the objective.

To enhance training stability, a constraint regularization term and a gradient clipping
mechanism are introduced to smooth policy updates and avoid violent fluctuations.
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3.6 Multi-intersection Coordination

For multi-intersection scenarios, this paper uses a distributed reinforcement learning
framework in which each intersection acts as an independent agent making decisions, and
collaborative optimization is achieved through parameter sharing. All agents share the policy
network parameters 6, but make decisions based on their local states:

at ~mg(a|st) (16)

To enable information interaction between intersections, a communication mechanism is
introduced to encode the neighborhood state as a message vector:

mt = z w stj a7
JEN (@D
Where W is a learnable weight matrix. The final decision is based on the fusion state:
St =sit@my (18)

This mechanism can effectively capture the spatial propagation characteristics of traffic
flow, thereby improving the coordination and control capability of the overall road network and
enhancing carbon emission optimization.

4. ALGORITHM IMPLEMENTATION

To implement the above methodological framework, this paper constructs a deep
reinforcement learning algorithm based on the actor-critic structure and carbon emission
constraint optimization. The overall training process is carried out through continuous
interaction with the traffic simulation environment. In each training episode, the agent generates
signal control actions according to the current policy and updates the policy parameters using
environmental feedback. Let the policy network be mg(a | s) and the value network be Vg (s),
where 6 and ¢ denote the corresponding network parameters, respectively, and the discount
factor be y € (0,1), then the state value function is defined as:

V*(sp) = Ep [z Vk Tt+k] (19)
k=0

Where 7, represents the instantaneous reward at time step ¢t. Based on this, the advantage
function can be expressed as:

Ay =1 + YV (Se41) — Vi (sp) (20)

The advantage function is used to guide the policy gradient update, thereby improving the
efficiency of policy learning.

The core process of the algorithm can be formally described as follows: after initializing
the policy network parameters 6, the value network parameter ¢ and the Lagrange multiplier
A, the process of environment interaction and parameter update is repeated. At each time step,
the agent samples an action a; ~ mg(¢| s;),and receives the next state s;,q, reward 7; and
carbon emission E; from the environment according to the current policy. The interaction data
is stored in an experience buffer, and the parameters are updated in batches after each episode.
The policy parameters are optimized by maximizing the objective function:

J(6) = Ellogmg(a; | s¢) Al (21)

The value network is updated by minimizing the mean square error:
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L($) = E[(Vp(s) = 3)] (22)

Where y; =1; +yVp(St41) is the target value. Combined with carbon emission
constraints, the overall optimization objective is further revised to [30]:

J'(0) = E[logmg(a, | s;) Al — A(E, — C) (23)

Where C is the carbon emission threshold and A is the dynamically updated Lagrange
multiplier.

During training, the algorithm follows an iterative “interaction-storage-update” mode.
Specifically, in each simulation episode, the system continuously collects state transition
sequences (S, @t 13, Se41, E¢) ,and periodically updates the policy and value networks. To
improve training stability, batch updating and a target network delay mechanism are introduced
to make parameter updates smoother. In addition, by normalizing the advantage function:
At _ Ar — g

04

(24)

Where u, and o4 represent the mean and standard deviation of the advantage function
respectively, to reduce the gradient oscillation and improve the convergence speed.

In terms of convergence and stability, this algorithm relies on the theoretical basis of policy
gradient methods. If the learning rate a is sufficiently small and satisfies },; a; = oo, and
Z . a? < oo, the policy parameter update can ensure convergence to a local optimal solution.

In addition, by introducing the dual value network and constraint optimization mechanism, the
issues of value estimation bias and policy oscillation are effectively mitigated. In the policy
update process, the clipped objective function is used:

L (9) = E[min(r.(0)A, clip(r:(8),1 — €,1 + €) 4,)] (25)

Where 7.(6) = M, and € is the clipping parameter. This mechanism limits the
ﬂeold(at|5t)

range of policy updates, thus significantly improving training stability.

In terms of complexity, assume that the parameter sizes of the policy network and the value
network are | 6 | and | ¢ | respectively, and the computational complexity of each forward
and backward pass is approximately O(l 6 | +| ¢ |). If the number of sampling steps per
episode are T and the batch size is B, the complexity of training per episode is:

orTdol+ld¢D+BUOI+ID) (26)

In a multi-intersection scenario, if there are N intersection agents and the parameter
sharing mechanism is adopted, the overall complexity is approximately:

ON-T-C161+I¢1)) 27)

The complexity increases linearly with the number of intersections, demonstrating good
scalability. Through parallel simulation and distributed training, the actual computational
overhead can be further reduced, making the algorithm feasible in large-scale traffic networks.

5. EXPERIMENTAL SETUP

To comprehensively verify the effectiveness of the proposed algorithm in traffic carbon
emission optimization, this paper constructs a multi-scenario experimental environment based
on a microscopic traffic simulation platform and integrates the emission model to evaluate
policy performance. The experiment uses SUMO (Simulation of Urban Mobility) as the
underlying simulation engine and interacts with the reinforcement learning framework in real
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time through the TraCl interface. To ensure the reliability of the experimental results, an
emission calculation model based on speed and acceleration is introduced to accurately estimate
carbon emissions at each time step. Specifically, the instantaneous emission of vehicle k at
time step t is defined as:

ef = Po + Brvf + B (VE)* + Baaf (28)

Where vf is the vehicle speed, af is acceleration, Sy, By, B2, 5 are the empirical
parameters. The total emission of the system is:

T

N¢
E = Z ek (29)
k=1
1

t=

Where T represents the total number of simulation time steps, and N; represents the
number of vehicles at time step t. The model can describe the dynamic impact of traffic control
strategies on emissions in a fine-grained manner.

For road network and traffic scenario settings, this paper constructs three typical traffic
environments, including a single intersection, a 4x4 grid network, and a real-world urban road
network (based on open-source map data) [31],[32]. The traffic flow is generated according to
a Poisson distribution, and with arrival rate is A. Different traffic intensities are achieved by
adjusting A. The vehicle generation process can be expressed as:

e

P(n) = "

(30)

Where P(n) is the probability that the number of vehicles arriving per unit time is n. The
experiment sets three traffic load levels: low, medium, and high, corresponding to A =
300,600,900 veh/h respectively. Table 1 shows the specific configuration parameters for
different experimental scenarios.

Table 1. Configuration of traffic scenarios and simulation settings

Scene type Number' of Number of Traffic intensity Simu}ation Tote}l number of
intersections lanes (veh/h) duration (s) vehicles

Single intersection 1 8 300 3600 1050

Grid road network 16 64 600 3600 4200

Urban road network 25 112 900 3600 8600

High load grid 16 64 900 3600 6300

Low load city 25 112 300 3600 2900

It can be seen from Table 1 that as the number of intersections expands from 1 to 25, the
number of lanes and the total number of vehicles increase exponentially. For example, the
number of vehicles in the urban road network scenario reaches 8600, which is more than 7
times higher than that in the single-intersection scenario. This scale expansion significantly
increases the state space dimension and decision complexity. At the same time, under the same
road network structure, increasing the traffic intensity (for example, from 600 to 900 veh/h)
increases the total number of vehicles by about 50%, further aggravating congestion. Therefore,
the experimental setup can effectively verify the robustness and scalability of the algorithm
under high-dimensional state and high-load conditions.
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For comparison, this paper selects a variety of representative baseline algorithms,
including fixed-time control, actuated control, standard DQN, and PPO. All reinforcement
learning methods are trained under the same environment and parameter settings to ensure
fairness.

For evaluation metrics, the focus is on carbon emission performance while also
considering traffic efficiency. Average carbon emissions are defined as:

T
E= %Z E; (31)
t=1
Average delay is defined as:
ML
D= ) (ggetual — ¢[re%) (32)
k=1

Where t3°“@ is the actual travel time of the vehicle, and t,’:ree is the travel time under
free-flow conditions. The average speed is defined as:

1 N
7=t
= v (33)
k=1

For parameter configuration, the policy network and value network both adopt a three-
layer fully connected structure, with 128, 128, and 64 neurons per layer, respectively. The
learning rate is set to @ = 3 X 10™*, the discount factor y = 0.99, and the batch size is 64.
The initial value of the Lagrange multiplier is set to 0.1 and updated as follows:

Aty = max(0,2; + n(E; — C)) (34)

Where 1 = 0.01, and C is the emission threshold. With the above settings, the algorithm
can quickly converge to an effective policy while ensuring training stability.

To sum up, the experimental design has been systematically designed from simulation
environment, scene construction, comparison method and evaluation index, and the
effectiveness and superiority of the proposed method in the optimization of traffic carbon
emissions have been verified by multi-dimensional data.

6. RESULTS & ANALYSIS

To systematically evaluate the effectiveness of the proposed method, this section analyzes
the overall performance, carbon emission optimization efficacy, training characteristics, and
model generalization ability. First, we define the comprehensive performance index:

] = (l)lE_' + (UzD - 0)3]7 (35)

Where E isthe average carbon emission, D is the average delay, V is the average speed,
and wq, w,, w3 are the weight coefficients. This metric is used to evaluate the comprehensive
performance of different methods under multi-objective optimization.

At the overall performance level, Figure 1 shows the convergence behavior of different
methods during training. It can be observed that the fixed-time method exhibits almost no
learning process, and its performance curve remains largely stable. The DQN and PPO methods
decrease rapidly in the first 100 episodes but then enter a slow optimization stage, showing
obvious convergence lag. In contrast, the proposed method reaches a stable range after about
120 episodes, and its performance metrics decline significantly faster. From a numerical
perspective, the performance value of the proposed method at the final convergence stage is
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approximately 40, while PPO is approximately 45 and DQN approximately 50, representing
improvements of about 11.1% and 20%, respectively. This result shows that with the
introduction of the carbon emission perception mechanism and constraint optimization, policy
learning efficiency is significantly improved, and the optimal solution can be approached more
quickly.

60 1
2
g
g 504
51
g
£
o
< 40
~
—— Fixed-Time
—— DON
301 — pPO
—— Proposed

0 50 100 150 200 250 300
Training episodes

Figure 1. Training convergence curves of different methods

Further analysis of the slope of the convergence curve shows that the method in this paper
exhibits the largest decline in the initial stage of training (0 — 100 rounds), indicating that it can
quickly identify the high emission state and adjust the strategy early; In the later stage, the curve
tends to be smooth, indicating that the strategy has converged stably. This “fast descent + steady
convergence” characteristic is an important property of a high-quality reinforcement learning
algorithm.

From a quantitative perspective, Table 2 shows the performance comparison of different
methods across multiple metrics.

Table 2. Overall performance comparison of different methods

Average discharge Incur loss through delay =~ Average  velocity =~ Comprehensive indicators

Method (25) 8 (i) J

Fixed-time 52.3 38.7 6.2 63.8
DQN 44.2 28.4 7.8 49.3
PPO 41.6 26.7 8.3 452
Proposed 36.9 22.5 9.1 39.7
Unconstrained version ~ 39.8 243 8.7 42.8

It can be observed from Table 2 that the proposed method achieves the best results across
all core metrics. Among them, average carbon emissions decreased from 52.3 g/s for fixed-time
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control to 36.9 g/s, a reduction of approximately 29.4%; average delay was reduced from 38.7
s to 22.5 s, an improvement of 41.9%; and average speed increased by approximately 46.8%.
In terms of the comprehensive index J, the method in this paper achieves a further reduction by
about 12.2% compared with PPO. In addition, the performance of the unconstrained version is
approximately 7.8% lower than that of the full model, indicating that the constraint mechanism
plays a key role in performance optimization. These results demonstrate that the proposed
method achieves a better balance among multiple objectives.

For carbon emission reduction performance, we further analyze the emission intensity per
vehicle:

Ig =+ (36)

Where E is the total emission and N is the total number of vehicles.

For carbon emission performance, Figure 2 shows the trend of unit emission intensity
under different traffic intensities.
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Figure 2. Comparison of unit emission intensity under different traffic intensity

It can be clearly seen that as traffic demand increases from 300 veh/h to 1200 veh/h, the
emissions of each method show an upward trend, but the proposed method consistently
maintains the lowest level. Under moderate load (600 veh/h), the emission of the proposed
method is 36.9 g/s, which is approximately 11.3% lower than that of PPO (41.6 g/s). Under
high load (1200 veh/h), the emission is 71.8 g/s, approximately 12.8% lower than PPO’s 82.3
g/s. This result shows that the proposed method maintains stable emission control capability
even under high-congestion conditions. For convergence and training stability, the policy
volatility metric is defined as:

or = (|E[U: —])?] (37)

Where J, is the performance value of episode t and ] is the mean value. For training
stability, Figure 3 shows the performance fluctuations of different methods during training. It
can be observed that the PPO method exhibits obvious fluctuations, with a range of
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approximately +3, while the fluctuation range of the proposed method is controlled within +
1.5.
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Figure 3. Comparison of stability of strategy training

The calculated value of PPO is ¢ = 2.8, while that of the proposed method is only ¢ =
1.4, representing a reduction in fluctuation by about 50%. This shows that the proposed dual
value network and constraint mechanism significantly improve the training stability.

In the ablation study, the contribution of each key module was analyzed by gradually
removing them. Table 3 shows the performance for different module combinations.

Table 3. Ablation study of different model components

Model version Discharge (g/s) Incur loss through delay (s) Comprehensive indicators
Complete model 36.9 22.5 39.7
Unconstrained mechanism 39.8 243 42.8
No multiscale state 412 25.6 44.1
No dynamic rewards 435 27.2 46.3
Basic PPO 41.6 26.7 452

It can be seen from the results in Table 3 that the full model achieves the best performance
in terms of emission and delay metrics. When the dynamic reward mechanism was removed,
emissions increased from 36.9 g/s to 43.5 g/s, an increase of approximately 17.9%, indicating
that this module has the greatest impact on carbon emission optimization. After removing multi-
scale state modeling, delay increased by approximately 13.8%, indicating that spatial
information is crucial for traffic efficiency optimization. After removing the constraint
mechanism, emissions increased by approximately 7.9%. Overall, each module contributes
significantly to performance improvement, with the dynamic reward mechanism and constraint
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optimization being the core factors.
In the generalization ability test, the model is transferred to an unseen urban road network,
and the generalization performance degradation rate is defined as:
R, =Mx 100% (38)
J train

Where Jirqin 1S the training scenario performance, and [,., is the new scene
performance. The results are shown in Table 4.

Table 4. Generalization Performance on Unseen Traffic Scenarios

Method Original scene | New scene | Generalization decline rate (%)
PPO 452 51.8 14.6
Proposed 39.7 43.5 9.6

As can be seen from Table 4, the comprehensive metric of the proposed method in the new
scenario increased from 39.7 to 43.5, with a performance degradation rate of 9.6%, while the
PPO method degraded by 14.6%. In contrast, the performance degradation of the proposed
method is reduced by approximately 34.2%. This result shows that the proposed method has
stronger generalization ability under different road network structures and traffic distribution
conditions. In addition, the low rate of performance degradation indicates that the model learned
more universal control strategies during training, rather than relying on specific scenario
characteristics.

Finally, we analyze the policy behavior from the perspective of interpretability. We define
the signal switching frequency as:

f; — Nsv;ftch (39)

Where Ngircn 1S the number of signal switches. At the policy behavior level, Figure 4

shows the distribution of signal control strategies of different methods. It can be observed that

the signal switching frequency of the proposed method is the lowest, at approximately 0.28,
while those of DQN and PPO are 0.42 and 0.38, respectively.
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Figure 4. Distribution of signal control strategies

Combined with the emission results, it can be inferred that a lower signal switching
frequency helps reduce vehicle acceleration and deceleration events, thereby reducing carbon
emissions. This phenomenon shows that the model not only optimizes emission metrics
numerically but also forms a decision-making model that aligns with physical principles at the
policy level, exhibiting good interpretability.

In summary, through multi-dimensional experimental analysis, it can be confirmed that the
proposed method outperforms existing methods in terms of carbon emission optimization,
training stability, and generalization ability, with each key module contributing substantially to
performance improvement.

7. DISCUSSION

The proposed deep reinforcement learning signal control algorithm for traffic carbon
emission optimization demonstrates significant advantages in several aspects. From a
methodological perspective, the proposed method systematically embeds carbon emission
constraints into the reinforcement learning training process. Through the combination of a
dynamic reward mechanism and the Lagrange multiplier method, it achieves an adaptive trade-
off between emission objectives and traffic efficiency, overcoming the insufficient adaptability
of traditional fixed-weight methods under varying traffic conditions. In terms of multi-
intersection coordination, the distributed control framework based on parameter sharing and
neighborhood information interaction effectively captures the spatial propagation
characteristics of traffic flow, enabling local control decisions to account for the traffic status
of upstream and downstream intersections, thereby improving the coordination capability of
the overall road network. In terms of performance, the experimental results show that the
proposed method outperforms existing baseline methods in the core metrics of carbon
emissions, delay, and average speed, particularly in training stability and convergence speed.
Its policy volatility is reduced by approximately 50% compared with traditional methods, and
its generalization ability has also been verified in unseen scenarios. In addition, the model’s
learned behavior of low signal switching frequency aligns with the physical mechanism of
reducing emissions from vehicle acceleration and deceleration, indicating that the algorithm not
only achieves numerical optimization but also forms an interpretable control policy.
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Although the proposed method achieves promising results, it still has some limitations.
First, in terms of carbon emission estimation, this paper uses an instantaneous emission model
based on speed and acceleration. Although it can reasonably describe the impact of vehicle
operating status on emissions, it does not account for the differences in vehicle type, fuel type,
and engine thermal state on emissions. In real traffic scenarios, there are significant differences
in the emission characteristics of different vehicle types. If vehicle composition information
can be incorporated into the modeling, it is expected to further improve the accuracy of emission
estimation. Second, in terms of state representation, this paper mainly relies on traditional traffic
parameters such as queue length, speed, and density, and has not fully utilized the lane-level
and individual-level refined data available in the Internet of Vehicles environment, such as
vehicle trajectories and signal phase timing, which limits the model’s ability to perceive
complex traffic situations to a certain extent. Third, from an algorithmic perspective, this paper
uses a distributed control architecture in which each intersection agent makes decisions based
on local states. Although information interaction is realized through the communication
mechanism, the coordination complexity among multiple agents may increase significantly
under high traffic congestion or further expansion of the road network scale, and policy
convergence will face greater challenges. In addition, model training depends on a high-quality
traffic simulation environment, and the gap between simulation and the real world may lead to
performance degradation during migration and deployment.

Regarding the feasibility of actual deployment, several key factors for migration to real-
world systems have been considered in the design and implementation of the proposed
algorithm. From the perspective of computing resource requirements, the policy network adopts
a lightweight fully connected structure, and the computational overhead of a single forward
pass is small, which can meet the requirements of real-time signal control. In the training phase,
although large-scale computing resources are required for simulation interaction, the training
process can be completed in an offline environment. When the trained model is deployed at an
actual intersection, only forward inference needs to be performed, and the computational
demands on edge computing equipment are modest. From the perspective of interface
compatibility, the control action output by the algorithm consists of phase selection and duration,
which is compatible with the basic control commands of existing traffic signal controllers,
eliminating the need to modify the underlying hardware. However, actual deployment still faces
uncertainties in real-world traffic systems, sensor noise, and communication delays. In real-
world environments, the integrity and real-time performance of vehicle detection data are
difficult to achieve at the ideal level of simulation environments, which may lead to state
estimation bias and subsequently affect policy effectiveness. In addition, signal control in real-
world road networks often involves multi-department coordination, and changes to the control
strategy must undergo a strict verification and approval process, which imposes higher
requirements on the interpretability and reliability of the algorithm. Therefore, before actual
deployment, it is necessary to combine edge computing, data fusion, security verification, and
other technologies to build a full-chain trusted mechanism from training to deployment.

From the perspective of integration with ITS, the proposed method has the potential for
collaborative development with a variety of emerging technologies. With the development of
vehicle—road collaboration and autonomous driving technologies, information interaction
between vehicles and infrastructure will become more real-time and accurate. In this context,
the cooperative control mechanism based on neighborhood state encoding adopted in this paper
can be further extended to a multi-source information fusion framework that integrates vehicle-
level trajectory data. By obtaining real-time vehicle speed, position, and driving intention,
signal timing can be optimized in advance, thereby further improving emission reduction
performance. At the same time, with the in-depth application of digital twin technology in the
transportation field, this algorithm can perform high-fidelity training and testing on a digital
twin platform, reducing trial-and-error costs in real-world road networks through continuous
iterative optimization based on virtual-real interaction. At the traffic control center level, the

proposed method can serve as one of the core decision-making modules of the urban traffic
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brain, operating in coordination with traffic prediction, route guidance, bus priority, and other
functions to form a multi-level low-carbon traffic control system. In addition, the carbon
emission constraint optimization framework proposed in this paper has a certain degree of
universality and can be extended to other traffic management scenarios, such as ramp control,
dynamic lane management, and regional traffic guidance, providing technical support for the
development of low-carbon-oriented urban traffic systems. In summary, the proposed method
not only achieves collaborative optimization of emissions and efficiency at the algorithmic level
but also provides a feasible technical path for the evolution of intelligent transportation systems
toward a greener and more efficient direction in the future.

8. CONCLUSION

Focusing on urban traffic carbon emission optimization, this paper systematically
investigates signal control methods based on deep reinforcement learning. To address the
shortcomings of existing research in carbon emission modeling, multi-objective conflict
handling, and training stability, a deep reinforcement learning signal control algorithm for
carbon emission optimization is proposed. Based on the coupling relationship between traffic
congestion and carbon emissions, an intelligent signal control system integrating a microscopic
emission estimation model, a dynamic reward mechanism, and a constraint optimization
framework is constructed. The effectiveness and superiority of the proposed method are verified
through simulation experiments from multiple perspectives. The results show that
systematically embedding the carbon emission objective into the reinforcement learning
training process can significantly reduce carbon emissions while accounting for traffic
efficiency, providing a new solution for green traffic control.

The main contributions of this paper are fourfold. First, at the problem modeling level, a
multi-objective carbon-emission-aware reward mechanism is proposed. Through dynamic
weight adjustment, the model can adaptively balance the trade-off between emissions and
efficiency according to traffic conditions, effectively alleviating the insufficient adaptability of
traditional fixed-weight methods. Second, at the algorithm design level, constrained
reinforcement learning is introduced into the field of traffic signal control. The Lagrange
multiplier method is used to explicitly integrate the carbon emission threshold into the policy
optimization process, and the dual value network, prioritized experience replay, and adaptive
exploration strategy are combined to significantly improve training stability and convergence
efficiency. Third, at the system architecture level, a distributed collaborative control mechanism
based on parameter sharing and neighborhood information interaction is designed for multi-
intersection scenarios, which enhances the model’s ability to perceive the spatial propagation

characteristics of traffic flow and achieves unification of local decision-making and global
coordination. Fourth, at the experimental validation level, a multi-scenario test environment
covering a single intersection, a grid network, and a real-world urban road network was
constructed, and the method was comprehensively evaluated across multiple dimensions, such
as overall performance, convergence characteristics, generalization ability, and policy
interpretability, which verified its significant advantages in reducing carbon emissions,
improving delay, and enhancing training stability.

Future research can expand this study in the following directions. First, in terms of
emission modeling, the current microscopic emission model is mainly based on speed and
acceleration parameters, which fails to fully reflect the impact of vehicle type, fuel composition,
road grade, and other factors on emissions. In future research, a more refined emission model
can be introduced. Combined with vehicle identification data and onboard diagnostic systems,
a personalized, multi-granularity carbon emission estimation method can be constructed to
further improve optimization accuracy. Second, in terms of state perception, with the
development of the Internet of Vehicles and autonomous driving technologies, the dimension
and quality of data available in traffic environments will continue to improve. In the future, we
can explore the integration of multi-source information such as vehicle trajectories, signal status,
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and roadside perception, and use advanced architectures such as graph neural networks and
attention mechanisms to enhance the agent’s ability to represent complex traffic situations and
achieve more accurate control decisions. Third, in terms of multi-agent collaboration, the
current distributed framework may face the problem of declining coordination efficiency as the
scale of the road network expands further. In the future, we can study hierarchical control
architectures, combine regional coordination with local intersection optimization, and explore
agent collaboration mechanisms based on communication efficiency optimization to improve
the scalability of large-scale road networks. Fourth, in terms of actual deployment, the gap
between simulation environments and the real world remains an important factor limiting the
implementation of the algorithm. In the future, we can combine digital twin technology to build
a high-fidelity simulation platform, conduct transfer learning research on virtual — real
interaction, and introduce security verification and robustness enhancement mechanisms to
improve the reliability and trustworthiness of the algorithm in real-world traffic environments.
In addition, expanding this method to other low-carbon traffic management scenarios, such as
bus priority signal control, eco-driving guidance, and dynamic lane management, to build an
integrated urban traffic carbon emission control system is also a valuable research direction.
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